Amino acid substitution matrices play an essential role in protein sequence alignment, a fundamental task in bioinformatics. Most widely used matrices, such as PAM matrices derived from homologous sequences and BLOSUM matrices derived from aligned segments of PROSITE, did not integrate conformation information in their construction. There are a few structure-based matrices, which are derived from limited data of structure alignment. Using databases PDB SELECT and DSSP, we create a database of structure-conformation blocks which explicitly represent sequence-structure relationship. Members in a block are identical in conformation and highly similar in sequence. From this block database we derive a conformation-specific amino acid substitution matrix CBSM60. The matrix shows an improved performance in conformational segment search and homologue detection.
Introduction
The similarity of amino acids is the basis for protein sequence alignment, protein design, and protein structure/function prediction. The point accepted mutation matrices of Dayhoff [1] and the substitution matrices of Henikoff [2] from protein blocks are not only the standard choices for amino acid similarity evaluation, but also a basis for amino acid classification [3, 4] . Efforts have been made to develop different score matrices, for example, for best fiting distances between aligned sequences [5] , or using also the information of associated evolutionary trees. [6] Most of the matrices widely used in protein design and protein structure prediction are obtained from sequence samples with certain homologous relationship, while conformation similarity are taken as a secondary consideration.
Protein conformation is more conservative in evolution and more directly related to function than sequences. It is shown that residue substitution behavior is influenced by protein conformation. [7, 8] Several structure-base matrices have been published. [9, 10, 11] . However, they were generally constructed from limited examples of structure alignment of homologous sets with low sequence identity.
Many sequence-structure motifs have been identified from the non-redundant PDB SELECT-25 database. [12] Extracting the propensity of residue substitution to conformations from such sequence-structure motifs will be useful for protein structure identification. We collect ungapped similar segments of amino acids from PDB SELECT [13] database. The protein secondary structures of these residue segments are given in the database of secondary structure in proteins (DSSP) [14] . From PDB SELECT and DSSP, we derive a databse of sequence-conformation segments or blocks which explicitly represent sequence-structure relationship. It is our purpose to construct a conformaton-based amino acid substitution matrix from such blocks, and examine its ability in protein conformation identification.
structures, especially the multiple alignment, requires heavy computation. The purpose of the structure alignment is to find residue pairs in similar conformation segments. A feasible approach to find such residue pairs without doing structure alignment is based on the idea of sequence-structure motifs. [12] We collected a nonredundant set of 1612 non-membrane proteins from PDB SELECT with amino acid identity less than 25% issued on 25 September of 2001. The secondary structure for these sequences were taken from DSSP database. In DSSP algorithm, Kabsch and Sander defined eight states of secondary structure according to the hydrogen-bond pattern. As in most methods, we considered 3 states {h, e, c} generated from the 8 by the coarse-graining H, G, I → h, E → e and X, T, S, B → c.
Conformational block database
Two requirements are used in constructing our blocks database: 1) Each amino acid segment in a block has the same protein secondary structure; and 2) Each amino acid segment in a block is similar enough with at least one other member in the same block, i.e. the two segments have a high sum of some ungapped pair similarity score (so-called single linkage clustering). A sliding window of width l is used to scan every sequence 
where Score(a i , b i ) may be the entry of the BLOSUM62 matrix for the residues pair a i and b i . [17] If score
is above a preset threshold T * , A and B are in a same block. Suppose that there are already n α members in block Σ α . They must have the same conformation σ. A block has an index being an existing secondary structure segment σ. However, a single conformation index σ may corresponds to several blocks each of which contains a class of sequence segments. A new segment C of conformation σ will be compared with the all n α members in block Σ α of conformation σ. If one of the n α members, say A , satisfies T (A , C) > T * , C also belongs to block Σ α . If no such a member exists in block Σ α C will not belong to the block. The new segment C has to be compared with all the existing blocks with the same conformation σ. If C belongs two blocks, say Σ α and Σ β , the two blocks have to be merged as a single block. This can be done by moving all members of Σ β to block Σ α , and removing the empty block Σ β . In this way, each segment will belong to one and only one block. Once a segment is assigned to a block, we skip the whole window by l sites to avoid any overlapping of segments. The obtained blocks represent frequently occurring sequence-structure elements of proteins.
Generally, samples in a block are biased, i.e. many members are very similar to each other. To reduce the bias, those closely related members will be clustered, and counted as a single segment. By specifying the identity rate 60% (which is close to 62% of the BLOSUM62) as another similarity score threshold, another single linkage clustering is conducted within each block. After this second clustering, we obtain our database of blocks.
Entries in the non-redundant database PDB SELECT are close to the so-called twilight zone. The homologous relationship between any pair of sequences in the database is rather weak. No alignment in a sequence level is performed in constructing the block database. This is a fundamental difference between our method and others.
Derivation of the amino acid substitution matrix
Following the way to derive substitution matrices from blocks, we count all pairs of amino acid substitutions in each column of blocks. All these counts are summed. The result of this counting forms a frequency table whose entries are the numbers of times for each of the 210 possible different amino acid pairs to occur in all blocks. The table is then used to calculate a matrix representing the logarithmic odds ratio between these observed frequencies and those expected by chance.
Denote by f ij the total number of pairs of amino acids i and j, 1 ≤ j ≤ i ≤ 20. The observed probability of occurrence for the ij pair is then
and the probability for amino acid i is
The expected probability for pair ij by chance is e ij e ii = p 
In consistence with the BLOSUM matrices, a lod ratio is calculated in unit of half bit as
which is rounded to the nearest integer value to finally produce our conformational blocks substitution matrix (CBSM60). The mutual information per amino acid pair H as a relative entropy, and the expected score E are calculated as
For more details on matrix driving, we refer the reader to Ref. [2] .
Results
Sample size of conformational blocks is controled by parameters T * and l. A high T * keeps only highly similar segments in a block, so the block size reduces. Similarly, a larger l results in a smaller block size.
In order to obtain enough blocks above a reasonable size, the setting of T * = 27 and l = 10 is practicable.
The block database consists of ?? blocks and ?? segments. After clustering within blocks, the final effective number of segments are ??. The resulting amino acid substitution matrix CBSM60 is shown in Table 1 .
Comparison of CBSM60 with BLOSUM
It is interesting to make a comparison between the matrix CBSM60 and the commonly used BLOSUM62.
There are many remarkable differences. Lots of amino acid pairs have scores more negative in CBSM60 than in BLOSUM62. For example, the scores for pairs CN, CD, ID, WD, QC, KC, FC, WK, and WP are more than two bits lesser in CBSM60. This means that the substitution of dissimilar residues is strongly forbidden by the conservation of conformation. On the other hand, some similar residue pairs, such as SA, SN, LI, VI, MI, ML, VL, FM, YF, and ST have their scores slightly more positive.
An uncorrelated residue pair distribution has a vanishing relative entropy H; H measures the residue pair correlation. So far as H is concerned, CBSM60 is comparable with BLOSUM90, and both have H ≈ 1.2.
As shown in Table 2 . Compared with CBSM60, residues are more conservative in BLOSUM90, which has its diagonal elements more positive. For some amino acid substitutions, especially for PW, WD, and QC, matrix CBSM60 is less tolerant to mismatches than BLOSUM90 is. On the contrary, for some other residue pairs, such as MA, FM, SN, VL, and VY, substitutions are more tolerable in CBSM60.
Detection of homologous pairs
Another evaluation of substitution matrices is the ability in detecting homologous pairs. All-against-all sequence alignment is carried out on test sets with Blast2.2.6 [18, 19] . The gap insertion and elongation parameters used for alignment are set to 11/1. Detective ability is illustrated by the number of successfully identified homologous pairs as a function of errors per query [20] . The error per query is defined as the ratio of the total number of non-homologous protein sequences detected with expectation value not greater than the threshold to the total number of aligned sequence pairs. By varying the expectation value cutoff of Blast, we obtain the curve to measure the detection ability.
For remote homologous sequences in the twilight zone, we examine whether CBSM60 performs better than that BLOSUM62 for sequence alignments. and other two score matrices of Gonnet and Overington are used in the detection of homologous pairs. The matrix of Overington is also scaled in the unit of half bit as BLOSUM [17] . The results are shown in Fig. 2 .
As shown in the figure, for common homologue detection where sequence similarity is not so weak, CBSM60
still performs slightly better than other matrices.
As a specific example to illustrate the performance of CBSM60, the sequence alignment of homologous pair 1EAG A and 3APR E by Blast2.2.6 is shown in Table 4 . Segment ASEF of 1EAG A (271 -274) has conformation GGGG. This ASEF/GGGG is aligned to DSLV/GGGE of 3APR E (274 -277) by CBSM60.
However, BLOSUM62 aligns the segment to GASF/TEEE of 3APR E (266 -269), a segment of distinct conformation. As a whole, CBSM60 supports more conformation pairs ee than BLOSUM.
Secondary structure segment search
If a score matrix is more sensitive to conformation, we would expect that in a set of similar segments extracted accoding to some threshold score a higher proportion will share the same conformation. As an evaluation of the performance of CBSM60 matrix, we calculate all-against-all pair similarity scores for pairs of width 10, using the original dataset of PDB SELECT. If two segments A and B have their similarity score T (A, B) ≥ τ and they share the same protein secondary structure, they give one count of 'true positive' (TP); otherwise, a 'false positive' (FP). We then obtain the total counts of TP and FP.
We do the same thing with BLOSUM62 matrix at some threshold τ to obtain the counts of TP and FP.
By varying the threshold τ , we make the total counts of FP to be equal for the both matrices. Consequently, we can evaluate the improvement by the raise in counts of TP. For example, at τ = 23 BLOSUM62 finds 86601 TP events and 1389714 FP. In next step, by varying threshold τ , CBSM60 detects 1368517 FP samples.
At the nearly equal FP, CBSM60 detects 101745 TPs, gaining an increase of nearly 17.5%. The results of secondary structure segment search are shown in Table 3 . The improvement of CBSM over BLOSUM is remarkable. The TP counts increase by nearly 15% at all τ . Furthermore, the proportion of samples with only tiny structural discrepancy in all the FP cases increases nearly by one percent. For example, the proportion of FP with only one single mismatch in conformation are 6.9% and 7.8% in total pairs for BLOSUM62 and CBSM60, respectively.
Conclusion
We have derived from databases PDB SELECT and DSSP a databse of sequence-conformation blocks which explicitly represent sequence-structure relationship. We have constructed an amino acid substitution matrix called CBSM60 from this block database. Compared with other substitution matrices, CBSM60 is more sensitive to conformation, and performs better in protein secondary structure identification and (either remote or common) homologue detection. CBSM60 can be used as an alternative score matrix in protein design and protein structure prediction.
When creating our block database, we have to start with some existing matrix to measure sequence similarity. Here, BLOSUM62 is used at the beginning. We may regard the construction of CBSM60 as the first step of iteration. We may replace BLOSUM62 with the newly found CBSM60 to construct an updated CBSM60, and repeat the procedure until a final convergence is met.
Unlike PAM or BLOSUM, matrix CBSM60 includes the information of conformation explicitly. Compared with other structure-base substitution matrices, our constructing procedure does not involve in any heavy computation of structure alignment in a whole protein level. In this way, we can calculate matrix entries from a much larger size of samples.
Since the conformation of each column in any block is known, we may group residue pairs according to their conformation. We can then derive substitution matrices for each group separately. The obtained matrices are shown in Tables 5 -7 . Notable differences are seen among the three matrices. For example, the similarities of CA, SR, MQ, PH, and TP change drastically from hilix to sheet. The score of CA is positive in helix, while it is negative in sheet. It is expected that such a set of matrices whould be very useful when aligning a query sequence to the sequences whose structures are known. This will be discussed elsewhere.
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